We use traffic simulations to quantify the impact of autonomous vehicles in various traffic scenarios, where vehicles at higher automation levels behave more opportunistically in car-following and lane-changing and can react to road situations more quickly. Our experimental results show that an increased automation level can improve traffic efficiency but may lead to more potential conflicts between vehicles, which should not be neglected if human drivers still need to take part in the driving.
Introduction
Despite the expectation that autonomous vehicles will take a large share of the automobile market [1, 25] , the full impact of the technology is still unknown. Compared to human-driven vehicles, autonomous vehicles can be more opportunistic on the road due to their advanced capability in sensing, analysing and decisionmaking. For example, a highly autonomous vehicle may follow a front vehicle more closely than a human-driven vehicle in order to gain a faster speed. Due to the fast growth of autonomous vehicle research by many large companies, the impact of such opportunistic driving by autonomous vehicles can become significant in coming years.
The development of connected vehicles can enable even higher levels of opportunistic driving in the future. An example case is that a platoon of connected vehicles can act as one unit on the road, Permission to make digital or hard copies of all or part of this work for personal or classroom use is granted without fee provided that copies are not made or distributed for profit or commercial advantage and that copies bear this notice and the full citation on the first page. Copyrights for components of this work owned by others than ACM must be honored. Abstracting with credit is permitted. To copy otherwise, or republish, to post on servers or to redistribute to lists, requires prior specific permission and/or a fee. Request permissions from permissions@acm.org. IWCTS'19, November 5, 2019, Chicago, IL, USA © 2019 Association for Computing Machinery. ACM ISBN 978-1-4503-6967-1/19/11. . . $15.00 https://doi.org/10.1145/3357000.3366145 allowing them to follow each other closely at all times in order to reduce the total travel time of the vehicles. Our previous work evaluates the potential benefits of connected vehicles, which move in platoons and are coordinated with intelligent traffic lights [20] . Our experiments show that the platooning of vehicles can save up to 51% of travel time compared to a scenario, where vehicles do not travel in platoons. Different to our previous work, we do not focus on the connectivity of vehicles in this paper. Instead, we assume that autonomous vehicles drive as independent units as they do nowadays.
In our view, how opportunistic an autonomous vehicle can drive is largely dependent on the automation level of the vehicle. The reason is that driving at a higher automation level requires less human intervention, which means more driving controls are handled automatically by electronics and machinery, which rarely make errors and can respond to change of traffic situations instantly. Therefore, an autonomous vehicle at a higher automation level can drive at a higher speed, follow front vehicles more closely and change lanes more frequently.
In this work, we quantify the impact of autonomous vehicles on traffic efficiency and road safety using microscopic traffic simulations. The automation levels included in this study are formally defined by the automotive industry [22] (Table 1 ). From Level 0 to Level 2, human drivers need to monitor the driving at all times. They also need to keep their hands on driving controls, e.g., steering wheel, at all times even if their vehicles provide driving assistance. At Level 0, there is no automated control, which means human drivers are responsible for all the driving tasks. At Level 1, automated driving systems can either control the acceleration and braking (longitudinal control) or control the steering (lateral control). At Level 2, both longitudinal control and lateral control are supported at the same time. At Level 3, human drivers do not need to monitor the driving at all times. They can also keep their hands off the driving controls temporarily. But they must resume control when asked by the driving system. Level 4 is a high automation level, where human drivers are not required to monitor or control the vehicle at all. We think Level 5 can be regarded as an extension to Level 4 in that vehicles can drive in all conditions, including those that are not seen in normal scenarios. As we are interested in the impact of autonomous vehicles under normal driving situations, we consider Level 0 to Level 4 in this work.
Similar to the existing research on autonomous vehicles [9-11, 16, 23, 24] , we use traffic simulations to evaluate the impact of autonomous vehicles. We have built a general-purpose light-weight microscopic traffic simulator, Scalable Microscopic Adaptive Road Traffic Simulator (SMARTS) [21] , which we use for this study. The 
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Monitored Human  Operate  Level longitudinal/  driving  control  in all  lateral control  conditions  0  none  all time  all time  no  1  longitudinal  all time  all time  no  or lateral  2  both  all time  all time  no  3  both  no  as required  no  4  both  no  no  no  5 both no no yes simulator is easily customizable, which allows us to adjust model parameters for individual vehicles, control the percentage of different types of vehicles and collect various types of data from simulations. SMARTS has been used intensively in our research [3, 18, 28, 29] . Different to some existing work [17, 23] , we study the impact of five automation levels rather than one specific automation level. We also evaluate the impact of autonomous vehicles in large-scale road networks rather than a single road segment or intersection.
In our simulations, all the vehicles are built with a mobility model based on three parts, a car-following model, a lane-changing model and a driver reaction time. The car-following model controls the acceleration and deceleration of vehicles depending on their speed and the status of the vehicles in front. The lane-changing model controls the time to perform lane changes and the direction of the changes. The reaction time controls the delay of an action that should be taken in response to a situation.
The key contribution of this work is our observation of the relationship between automation levels, traffic efficiency and road safety. Our experimental results show that traffic efficiency is improved when automation level is increased. Based on the results on individual model parameters, we think the improvement of traffic efficiency is mainly due to the increased opportunism in carfollowing and the decrease of response time. We also observe that a higher percentage of vehicles at Level 0 to Level 2 leads to more conflicts between vehicles. As humans still need to take part in the driving at these levels, the increased conflicts can potentially lead to more accidents. We also find that the conflicts between vehicles decrease when the percentage of vehicles at Level 3 and Level 4 increases.
The rest of the paper is organized as follows. Section 2 describes the related work. Section 3 details the mobility model for simulated vehicles. We show experimental results in Section 4 and conclude the paper in the last section.
Related Work
Software simulations have been used for studying the impact of autonomous vehicles at specific automation levels. Morando et al. use a microscopic traffic simulation platform, VISSIM [7] , to study the safety impact of autonomous vehicles [17] . The study is focused on two types of vehicles, human-driven cars and autonomous cars at a high automation level. Traffic at one road intersection and one roundabout is simulated. Human-driven cars are made less opportunistic than autonomous cars by adjusting the parameters of a car-following model. For example, the gap that a car keeps from its front car is set to a low value if the car is autonomous. Their study shows that road safety can be improved significantly with a high penetration rate of autonomous vehicles. Another study evalutes the impact of autonomous vehicles in a lane-merging scenario [23] . The simulations are performed in an artificial freeway segment using VISSIM. The results show that a higher penetration rate of autonomous vehicles can lead to a larger improvement of mobility performance. Different to the two studies, we consider five levels of automation. We also study the impact of autonomous vehicles in large road networks.
Sunberg et al. simulate the decision-making process in autonomous vehicles with machine learning techniques [24] . In their simulations, autonomous vehicles make lane-changing decisions based on the estimation of the state of their surrounding vehicles. Vehicles are simulated using the same car-following model (IDM [15] ) and lane-changing model (MOBIL [13] ) as in our work. Three types of vehicles are modelled based on their aggressiveness in driving. Different to our study, the work does not evaluate the impact of individual parameters nor does it consider the different levels of automation.
Some other simulations of autonomous vehicles consider the connectivity of the vehicles. Mattas et al. conduct simulations to estimate the traffic flow speed at morning peak hours on a ring road when there is a mixture of three types of vehicles, human-driven vehicles, autonomous vehicles and connected autonomous vehicles [16] . The simulations are performed on a microscopic traffic simulator, AIMSUN [2] . Kafsi et al. use another traffic simulator, SUMO, to evaluate the impact of connectivity between vehicles [11] . Their simulations consider the penetration rate of connected vehicles, the disruption of connectivity caused by traffic lights and the improvement of connectivity provided by road side units. Hallé et al. build a microscopic simulator to evaluate platoon coordination models [10] . A simulated car models a number of vehicle dynamics related to wheel, engine, gear-shifting, etc. Guériau et al. build a simulation framework based on a cooperative driving model [9] . The framework is implemented with an open-source microscopic simulator, MovSim [27] . The experimental results show that the cooperative model helps to reduce congestions in certain scenarios. Nie et al. use MATLAB to evaluate a cooperative lane-changing framework [19] . The framework requires vehicles to periodically exchange their current states, such as speed and acceleration, with their surrounding vehicles. Based on the information, vehicles make lane-changing decisions. As mentioned earlier, we evaluate the benefits of connected vehicles that are coordinated with traffic lights in a previous work [20] . The evaluation is performed with our SMARTS simulator. Different to our previous work, we focus on the impact of automation levels in this paper.
Mobility Model
We model the mobility of vehicles based a car-following model, a lane-changing model and a driver reaction time. The status of individual vehicles is updated at each time step in the simulations based on the mobility model. The car-following model, Intelligent Driver Model (IDM) [15] , computes the ideal acceleration or deceleration based on a number of factors, such as the distance to the front vehicle and the maximum desired speed. The IDM model is defined in Equation 1, where dv dt is the acceleration of a vehicle suggested by the model, a is the maximum acceleration, v is the vehicle's current speed, v d is the desired maximum speed, δ is the acceleration exponent that is normally set to 4 [15] , ∆v is the speed difference between the vehicle and its front vehicle, s is the current bumper-to-bumper distance between the vehicle and its front vehicle, s min is the minimum bumper-to-bumper distance between two stationary vehicles, T is the desired time headway for safety and b is the desired deceleration value. is the new acceleration of the back vehicle in the target lane. All the acceleration values are calculated using the aforementioned IDM model. The inequation also contains two other parameters, a politeness factor p, which controls the aggressiveness of drivers in lane-changing, and a t hr , which is a threshold for preventing frantic lane-changing. If the inequation is satisfied, the lane-change is regarded as beneficial and the change can be performed. In the situation where a change to the left lane and a change to the right lane are both beneficial, SMARTS picks the lane-change direction that can result in the higher acceleration for the vehicle that makes the change. In our implementation, we do not consider the accelerations of the current back vehicle, acc(B) and acc ′ (B), based on a strategy as suggested by the developer of the MOBIL model [26] .
The driver reaction time affects the delay of an action in carfollowing and lane-changing. Treiber et al. suggest that the reaction time can be implemented as follows [12] . Assuming the reaction time is T , an action (speed-change or lane-change) based on the situation at time t is applied at t + T . We assume that the reaction time decreases when automation level increases as the vehicles can handle more situations automatically. To make simulations more realistic, our model includes a stochastic factor, which reflects the variance in reaction times at certain automation levels, where humans still need to take part in the driving. Based on age, experience and other factors, the reaction time can vary from person to person. The variance in the reaction times is higher when automation level is lower due to the increased impact of the human factor. In our simulations, the reaction time of a vehicle is set to T + r , where T is the default reaction time corresponding to the automation level of the vehicle and r is a random number generated from a normal distribution N (0, σ 2 ). The distribution is with mean 0 and variance σ 2 , where σ is the standard deviation of the distribution. We set σ to T 3 , which means r is most likely between −T and T because the percentage of random values that lie within the range, [−3σ , 3σ ], is 99.73% statistically. Therefore, the randomized reaction times are normally distributed with mean T and are most likely between 0 and 2T . If a random reaction time is below 0, it is set to 0. If it is above 2T , it is set to 2T . Based on the industry definition of automation levels, the reaction times at Level 4 should be negligible, i.e., T = 0, because there is no need for human drivers at this level. In other words, Level 4 vehicles can take actions instantly based on the current situation. Our model ensures that there is no variance in the reaction times at Level 4.
Experiments
Our experiments evaluate the impact of automation levels on traffic efficiency and road safety. The experiments are divided into two parts. In the first part, the effects of individual model parameters are evaluated. In the second part, the effects of the percentage of vehicles at specific automation levels are evaluated.
Settings

Road Networks
We run simulations with three road networks that are vastly different to each other. The first road network contains Melbourne's freeway system that covers a 30km × 30km area centred at Melbourne City (Figure 1 ). The second road network contains the roads in Melbourne CBD area ( Figure 2 ). The third road network includes the streets in the Parkville campus of the University of Melbourne ( Figure 3 ). The freeway road network has the highest speed limit and the traffic is not affected by intersections or traffic lights. The CBD road network has a lower speed limit and a large number of intersections and traffic lights. The campus network has the lowest speed limit. There are a number of intersections but there is no traffic light. For the freeway road network, we simulate a traffic scenario with steady traffic loads, where the number of vehicles is kept at 10k, 50k or 100k. The source and destination of vehicles are randomly located in the road network. Vehicle routes are created using Dijkstra's shortest path algorithm [6] . During a simulation, whenever a vehicle reaches its destination, it is replaced by a new vehicle with a random source and a random destination. Similar to the freeway simulations, we evaluate the impact of autonomous vehicles in the CBD road network with three traffic loads, 1k, 3k and 5k. Different to the freeway scenario and the CBD scenario, the majority of the objects moving in the campus road network are pedestrians rather than vehicles. The number of pedestrians in the campus is kept constant at 5k, 10k or 15k. There are only 5 autonomous vehicles at any time in the campus simulations. Our preliminary tests show that the traffic in all the three road networks is stabilized after a few minutes into a simulation when the traffic load is steady. Therefore, for a simulation with a steady traffic load, we set the simulation time to 15 minutes. We collect traffic data between the end of a 5-minute warm-up period and the end of the simulation.
In addition to the traffic scenarios with steady traffic loads, we also simulate a peak-hour traffic scenario for the freeway network where traffic load keeps increasing. The rate of traffic load increase is estimated based on the traffic statistics of Melbourne [4] . The statistics show that 1.15 million people commute by car on a typical workday. Around 50% of the commuters, i.e., 575000 people, need to travel to areas out of their home region. We assume that this group of commuters uses the freeway network during the morning peak hours, which are normally between 6.30AM and 9AM. Assuming commuter cars enter the road network at a constant rate during the peak hours, there are 3833 new cars entering the network per minute. Based on this rate, new cars are injected into the road network during a simulation. We set the simulation time to 30 minutes in order to show clear trends in the results. The estimated rate may be higher than the rate in the real world as many of the commuters, who travel out of their home region, may not use the freeway network. We should note that the overestimation may affect the results as the traffic network may be more congested than the real scenario.
Metrics
We measure traffic efficiency based on travel time efficiency, which is defined as follows.
T min is the theoretical minimum travel time, which can be achieved if a vehicle drives at automation Level 4 and its trip is not affected by other vehicles and traffic lights. For a simulated vehicle, its T min is computed as its route length divided by IDM's maximum desired speed at Level 4, e.g., 120kph for the freeway scenario. T actual is the actual travel time that a simulated vehicle moves from its source to its destination. As vehicle routes are randomly generated, the length of the routes can be significantly different between different vehicles. Therefore, it is not meaningful to compare the actual travel times of different vehicles. This is the reason that we collect travel time efficiency from the simulations. During a simulation, the travel time efficiency is collected from all the vehicles that complete their trips between the end of the warm-up time and the end of the simulation. The average travel time efficiency and the deviation of the efficiency values are then computed. We measure the safety impact of autonomous vehicles based on the rate of Time-To-Collision (TTC) events. TTC is the time to a future collision between two vehicles, assuming the vehicles do not change speed during that time. The rate of TTC events shows the level of potential conflicts between the vehicles in a road network. A recorded TTC event does not necessarily mean there was an accident, but it indicates that there could be an accident in the worst-case scenario, where autonomous vehicles are out-ofcontrol due to various reasons. Such scenario cannot be neglected, especially for automation Level 0, 1, 2 and 3, where humans still need to take part in the driving. Although autonomous vehicles can help to reduce the driver reaction time by sending warnings to drivers or taking certain actions without waiting for human control, they cannot completely avoid accidents caused by human errors as long as human drivers are still required to take actions in certain circumstances. Due to distraction, fatigue and lack of experience, human drivers may not be able to take actions in time even if they are given warnings and assistance by the driving system. Therefore, we think the TTC rate is a meaningful safety measure for autonomous vehicles. The threshold for detecting a TTC event is set to a commonly-used value, 1.5 seconds [5, 8] , which means a TTC event is counted if the TTC between two vehicles is lower than 1.5 seconds. The rate of TTC events, i.e., the average number of TTC events per second, is reported from the simulations.
Model Parameters
The settings of the mobility model of simulated vehicles are shown in Table 2 . Some of the settings are based on the values used in the existing studies [14, 17, 24] but are adjusted to make the simulations more realistic. For example, the distance between stationary vehicles can be as low as 0 metre in the work of Sunberg et al. [24] . We increase the minimal value to 1 metre in our experiments. The value of a specific parameter changes gradually across adjacent automation levels. For example, the value of IDM's maximum speed parameter, v d , is changed from 100kph to 120kph in increment of 5kph for freeways. We should note that the reaction time of vehicles has a stochastic factor as mentioned in Section 3.
The RT values in the table are the mean values of the reaction times.
For each of the model parameters, we run a set of five simulations. Each of the five simulations is used to test the effects of the parameter at one of the five automation levels. For example, when testing the effects of MOBIL's politeness factor p in a freeway scenario, we run five simulations with different values of p (0.4, 0.3, 0.2, 0.1 and 0), which are from Level 0 to Level 4. Other parameters are kept to Level 4 values in all the five simulations. That is, the default values of a, v d , s min , T , b, b saf e , a t hr and RT are 2.2m/s 2 , 120kph, 1m, 1s, 3m/s 2 , 3m/s 2 , 0m/s 2 and 0s, respectively. All the vehicles use the same set of parameter values in a simulation. In addition to the model settings for vehicles, we also create the settings for pedestrians in the campus scenario based on the characteristics of pedestrians in the real world. The settings of a, v d , s min , T , b, b saf e , p, a thr and RT are 0.7m/s 2 , 5kph, 0.5m, 1.5s, 1m/s 2 , 1m/s 2 , 0.4, 0.1m/s 2 and 2s, respectively. Similar to the reaction time of vehicles, the reaction time of individual pedestrians is generated with a stochastic factor. The mean value of the reaction times is 2s. All the pedestrians use this set of settings.
Percentage of Automation Levels
For each of the five automation levels, we evaluate the effects of the percentage of vehicles at the level. The percentage values are 20%, 40%, 60%, 80% and 100%. When the percentage of the automation level is below 100%, each of the other four automation levels gets an equal share of the remaining traffic load. For example, when the percentage of Level 2 vehicles is 80%, percentage of Level 0 vehicles, Level 1 vehicles, Level 3 vehicles and Level 4 vehicles is 5%, 5%, 5% and 5%, respectively. Assuming the traffic load is 10k, there will be 8k Level 2 vehicles and 500 vehicles at any other level. The percentage settings can cover many possible scenarios that one may see during the transition to the era of autonomous vehicles.
Results
Effects of Model Parameters
We present the results in two parts. The first part is focused on the car-following model (IDM) and the lane-changing model (MOBIL). The second part is focused on the driver reaction time as it affects both the car-following behaviour and the lane-changing behaviour.
Car-Following Model and Lane-Changing Model
The effects of IDM parameters in the freeway scenario with steady traffic loads are shown in Figure 4a to Figure 4e . In general, travel time efficiency is improved when the values of IDM parameters are at higher automation levels. We can also observe that the travel time efficiency is lower when the traffic load is higher, which is understandable because vehicles experience more delays on the road as traffic becomes more congested. When IDM's maximum acceleration, a, changes from Level 0 to Level 4, the improvement of travel time efficiency is 2.4%, 4.4% and 4.2% with the traffic load set to 10k, 50k and 100k, respectively (Figure 4a ). The improvement is due to the fact that it takes a shorter time to reach a certain speed when the acceleration value is increased. IDM's desired maximum speed, v d , also has a significant impact on travel time efficiency (Figure 4b ). The improvement of travel time efficiency is 13.7%, 6.9% and 3.4% when the value of v d is changed from Level 0 to Level 4 under the three traffic loads. This is due to the fact that all vehicles tend to travel at a higher speed with a higher v d value, resulting in shorter travel times for all. However, we can see that the improvement decreases with an increased traffic load due to the increased traffic congestions. Figure 4c shows that the effect of a shorter minimum distance between stationary vehicles, s min , is more obvious under a heavier traffic load. The gap between Level 0 and Level 4 changes from 0.1% to 2.8% when the number of vehicles changes from 10k to 100k. This is due to the fact that vehicles may stop at more occasions when traffic becomes more congested, leading to the more significant effect of the parameter. Figure 4d shows that an decrease of the desired time headway, T , helps to improve travel time efficiency, especially under heavy traffic loads. The effect of the maximum deceleration, b, does not show a clear trend as automation level increases (Figure 4e) . The results show that the travel time efficiency generally increases when vehicles become more opportunistic in the car-following behaviour.
Different to the car-following behaviour, an increased opportunism in the lane-changing behaviour does not lead to a significant improvement in travel time efficiency (Figure 4f to Figure 4h ). In fact, there is even a drop of travel time efficiency when the acceleration threshold, a t hr , changes from Level 0 to Level 4 (Figure 4h ). The change of travel time efficiency is −1.3%, −2.7% and −2.4% when the traffic load is at 10k, 50k and 100k. When vehicles are more opportunistic in lane-changing, they tend to impede the movement of other vehicles in the target lanes at more occasions, resulting in a lower average travel time efficiency.
The results from the CBD scenario show similar effects of the IDM parameters and the MOBIL parameters on travel time efficiency, except that the efficiency values are in a lower band than the freeway scenario. For example, when comparing Figure 4a with Figure 5a , we can see that the efficiency in the CBD scenario is constantly lower than the efficiency in the freeway scenario when varying IDM parameter a. The average efficiency across all the automation levels is 92%, 68.6% and 53% when the traffic load is 10k, 50k and 100k in the freeway scenario. The average efficiency is 52.2%, 48.6% and 45.6% when the traffic load is 1k, 3k and 5k in the CBD scenario. Unlike the freeway road network, the CBD road network contains a large number of intersections and traffic lights, which can significantly slow down traffic. This causes the significant difference in travel time efficiency between the two scenarios. We can observe a similar difference in the results on IDM parameter v d by comparing Figure 4b with Figure 5b .
The safety impact of the IDM parameters and the MOBIL parameters in the CBD scenario is shown in Figure 6 . In general, the rate of TTC events does not change significantly when the parameter settings change across different levels. There are two exceptions, one is for IDM parameter s min and another is for IDM parameter T . Their values at higher automation levels lead to higher TTC rates. Figure 6c shows that the increase of the TTC rate, when s min changes from Level 0 to Level 4, is 6/s, 49/s and 136/s with the traffic load at 1k, 3k and 5k. Figure 6d shows that the increase of the TTC rate, when IDM parameter T changes from Level 0 to Level 4, is 9/s, 60/s and 150/s with the traffic load at 1k, 3k and 5k. At a higher automation level, the values of both parameters are lower, which implies that the gap between vehicles are smaller. This increases the probability of TTC events. We observe a similar trend in the freeway scenario with steady traffic loads. 
Reaction Time
Our results show that the reaction time has a significant impact on travel time efficiency as vehicles with a lower reaction time can respond to the change of traffic situations more timely. Figure 7a shows that the efficiency keeps increasing as the reaction time reduces from 2s (Level 0) to 0s (Level 4). The improvement of efficiency is significant at higher automation levels. For example, the efficiency gap between Level 3 and Level 4 is 5.4%, 10.9% and 10.4% when the traffic load is 10k, 50k and 100k, respectively. We can observe a similar trend for the CBD scenario (Figure 8a) . The results show that reducing the reaction time is important to the improvement of traffic efficiency.
We also observe a reduction of the TTC rates when the reaction time is reduced. For example, in the freeway scenario, the change of the TTC rate between Level 3 reaction time (0.5s) and Level 4 reaction time (0s) is −103/s, −1463/s and −3885/s when the traffic load is 10k, 50k and 100k, respectively (Figure 7b ). Similarly, we can observe a significant drop of the TTC rates between Level 3 reaction time and Level 4 reaction time in the CBD scenario ( Figure 8b) . The results show that the reduction of the reaction time can help to improve traffic efficiency and road safety at the same time.
Effects of the Percentage of Automation Levels
Our results show that a high percentage of high automation levels helps to improve traffic efficiency while a high percentage of low automation levels leads to a low efficiency. The reverse is also true, that is, a low percentage of high automation levels leads to a low efficiency while a low percentage of low automation levels helps to improve efficiency. For example, when there is a mix of automation levels in the CBD scenario, travel time efficiency drops when the percentage of Level 0 vehicles increases (Figure 9a ). We also observe that the efficiency is higher when the traffic load is lower, e.g., the trend line for 1k traffic load is constantly higher than the trend line for 5k traffic load. This is understandable as the traffic delay increases under heavier traffic loads. When the percentage of Level 1 vehicles increases, travel time efficiency also drops but the drop is less significant (Figure 9b ). For example, the efficiency drops by 5% under 5k traffic load when the percentage of Level 1 vehicles changes from 20% to 100% (Figure 9b ). The efficiency drop is higher at 9.4% when the percentage of Level 0 vehicles changes from 20% to 100% under the same traffic load (Figure 9a ). This shows that a higher percentage of a lower automation level can drag down efficiency. When the percentage of Level 3 vehicles increases, the travel time efficiency starts to increase (Figure 9d ). The trend is even more obvious when the percentage of Level 4 vehicles increases (Figure 9e ). It shows that traffic efficiency increases when more vehicles are at a higher automation level.
The results on the safety impact of autonomous vehicles show that a higher percentage of the vehicles at Level 0 to Level 2 can lead to a higher TTC rate (Figure 10a to Figure 10c ). Interestingly, when the percentage of the vehicles at Level 3 and Level 4 increases, the trend changes dramatically. The TTC rates decrease slightly when the percentage of Level 3 vehicles increases (Figure 10d ). The decrease of the TTC rates is more significant for Level 4 vehicles (Figure 10e ). When the percentage of Level 4 vehicles changes from 20% to 100%, the TTC rate drops by 17/s, 56/s and 43/s when the traffic load is 1k, 3k and 5k in the CBD scenario. In contrast, when the percentage of Level 2 vehicles changes from 20% to 100%, the TTC rate increases by 62/s, 81/s and 106/s under the three traffic loads (Figure 10c ). We think the trend change is due to the changing balance of two factors. One of the factors is the combined effect of two IDM parameters, the minimum gap between stationary vehicles (s min ) and the desired time headway (T ). The values of the two parameters at higher automation levels can lead to considerably higher TTC rates (Figure 6c and Figure 6d ). Another factor is the effect of the reaction time. As shown earlier (Figure 7b and Figure 8b) , a shorter reaction time can lead to a lower TTC rate but the effect is most noticeable between Level 2 and Level 4. When the percentage of Level 0, 1 and 2 increases, the first factor outweighs the second factor, leading to higher TTC rates. When the percentage of Level 3 and Level 4 increases, the second factor outweighs the first factor, resulting in lower TTC rates.
The campus scenario is different to other scenarios in that the objects (pedestrians and vehicles) move at the walking speed and the density of the objects is very high. In addition, due to the low number of autonomous vehicles in the campus, the movement of a vehicle is most likely to be affected by pedestrians rather than other vehicles. Our results show that the travel time efficiency of the autonomous vehicles does not reach above 36% (Figure 11a) . The difference between the efficiency at different automation levels is less than 1% under the same traffic load. There is a drop of efficiency when the traffic load increases in the campus. However, the drop is less than 10% when the load changes from 5k to 15k. We think the relatively small drop of efficiency is due to the fact that traffic moves in a constantly low speed without significant congestions. Figure 11b shows that there is a negligible difference between the average speed of vehicles at different levels. The results also show that a higher automation level generally leads to a higher TTC rate but the average TTC rates are very low with high deviations (Figure 11c ). Therefore, the overall safety impact of autonomous vehicles is low in this scenario.
We also show the results for the freeway scenario with an increasing traffic load ( Figure 12 ). Again, the results prove that a high percentage of high automation levels helps to improve traffic efficiency while a high percentage of low automation levels reduces efficiency. Figure 12a efficiency (the top trend line) is achieved when Level 0 vehicles only occupies 20% traffic load while higher automation levels take the remaining 80% traffic load. When Level 0 vehicles takes a higher share of the traffic load, the efficiency of the whole system decreases. The bottom trend line is achieved when Level 0 vehicles take 100% share of the traffic load. The percentage of Level 1 vehicles shows a similar trend (Figure 12b ). However, we can see that the gap between the trend lines is narrower due to the fact that the traffic efficiency is improved when the automation level is higher. The gap decreases further for Level 2 vehicles (Figure 12c ). The order of the trend lines changes for Level 3 vehicles (Figure 12d) , where the traffic with 100% Level 3 vehicles achieves a higher travel time efficiency than the traffic with 20% Level 3 vehicles. When Level 4 vehicles dominate the traffic (Figure 12e ), we can see a larger gap between the trend lines compared to the result on Level 3. For example, at the 30th minute, the travel time efficiency is improved by 11.4% when the percentage of Level 3 vehicles changes from 20% to 100% (Figure 12d ). The efficiency improvement increases to 25.4% for Level 4 vehicles at the 30th minute ( Figure 12e ). As shown earlier, traffic efficiency is noticeably higher at an increased automation 
Conclusions
Our experimental study shows that traffic efficiency can be improved when autonomous vehicles drive more opportunistically in normal urban traffic scenarios. But the increased opportunism can also lead to more potential conflicts between the vehicles. The safety impact should not be neglected as humans still need to take part in the driving at certain automation levels. Our results also show that the safety impact is reduced when there is a higher percentage of vehicles at Level 3 and Level 4. For example, the TTC rate in the CBD scenario with 3k vehicles drops by 11% in average when the percentage of Level 4 vehicles increases by 20%. We hope this study can inspire more research on the impact of autonomous vehicles. 
